The timescales of adaptation to novel dynamics are well explained by a dual-rate model with slow and fast states. This model can predict interference, savings and spontaneous recovery, but cannot account for adaptation to multiple tasks, as each new task drives unlearning of the previously learned task. Nevertheless, in the presence of appropriate contextual cues, humans are able to adapt simultaneously to opposing dynamics. Consequently this model was expanded, suggesting that dual-adaptation occurs through a single fast process and multiple slow processes. However, such a model does not predict spontaneous recovery within dual-adaptation. Here we assess the existence of multiple fast processes by examining the presence of spontaneous recovery in two experimental variations of an A-B-Error-clamp paradigm within dual-task adaptation in humans. In both experiments, evidence for spontaneous recovery towards the initially learned dynamics (A) was found in the error-clamp phase, invalidating the one-fast-two-slow dual-rate model. However, as adaptation is not only constrained to two timescales, we fit twelve multi-rate models to the experimental data. BIC model comparison again supported the existence of two fast processes, but extended the timescales to include a third rate: the ultraslow process. Overall, we show that dual-adaptation can be best explained by a two-fast-triple-rate model over the timescales of adaptation studied here. Longer term learning may require even slower timescales, explaining why we never forget how to ride a bicycle. Indeed, even within our single day experiment, we found little evidence for decay of the learned memory over several hundred error-clamp trials.
Introduction
The generation of smooth and accurate movements requires predictive compensation of both internal and external dynamics, thought to arise through the formation of an internal model [1] [2] [3] [4] . This model, termed here a motor memory, is formed through repeated practice and driven by error and reward signals: a form of motor adaptation [5] [6] [7] [8] [9] . Having been learnt, a motor memory can remain for months or years [10, 11] . Similar to visuomotor [12] and saccadic adaptation [13] , adaptation to novel dynamics exhibits savings [13] [14] [15] , spontaneous recovery [16, 17] and interference [18] [19] [20] . This adaptation to novel dynamics has been shown to be well explained by a two-state model with different timescales [16] . Within this framework, short-term motor memory is composed of one fast system that learns quickly but forgets quickly, and one slow system that learns slowly but retains more of the learning.
Importantly, this architecture of motor memory is able to reproduce many aspects of motor adaptation, including interference and spontaneous recovery.
However, this two-state model cannot account for dual-adaptation, as introducing a new task drives the unlearning of the first task [21] . Studying dual-adaptation, that is learning simultaneously two opposing tasks, aims to explore the type of adjustments that might occur during everyday life. In daily life, we consistently switch between different tasks, going from drinking a cup of tea to controlling our computer mouse. As we change from one task to another, we need to adjust appropriately for the change in the dynamics of the external objects (cup) or sensorimotor transformations (to the computer screen). Like other single task models [6, 22] , the dual-rate model [16] lacks the ability to represent and switch between different motor memories. In the absence of specific contextual cues, our sensorimotor system is also unable to learn two opposing dynamics over the same workspace; a phenomenon termed interference [4, 16, 19] . However when relevant contextual cues are provided, participants are able to simultaneously adapt to opposing dynamics [4, 18, 23, 24] , indicating the formation of independent motor memories.
In order to integrate dual-adaptation, the dual-rate model was expanded to a single fast process and multiple slow processes gated by a binary cue representing the context [21] . This model proposes that these multiple slow processes act in parallel, forming a specific memory for each of the learned tasks. Within this model, interference between learning two opposing tasks is reduced, as the contextual cue gates a specific slow process, allowing only its modification, while avoiding alterations of other slow processes. However, this model [21] claims that there is only a single fast process which adapts to any errors regardless of the contextual cue. When switching between tasks, this single fast process de-adapts to one while adapting to another, thereby not contributing to the formation of distinct motor memories.
However, here we propose that a structure with a single fast process and multiple slow processes does not predict the existence of spontaneous recovery within a dual-adaptation paradigm. Therefore, we directly test the proposed model by examining the presence or absence of spontaneous recovery during simultaneous adaptation to two opposing force fields.
Results
Here we assess the formation and the recall of motor memories while simultaneously learning two opposing force fields. Previous research [21] proposed that the one-fast-two-slow-state model of motor adaptation best fit the data of dual-adaptation. Here we simulate both the one-fast-two-slow-state model (our baseline model for comparison against all other models) and the two-fast-two-slow-state model of motor adaptation in order to determine whether these two models have specific differences in their predictions of the classic adaptation-de-adaptation-error-clamp experiment [16] . Specifically here we simulate these two models of motor adaptation for a dual-adaptation task in which each force field was associated with a cue, similar to our experimental design. These learning models update the motor state on the next trial as a function of the current motor state and the error experienced on that trial [16] . In the simulation, the number of trials of the de-adaptation phase were adjusted such that the adaptation phase ended when the total motor state output returned to zero for the one-fast-two-slow-state model. The same number of trials was used for the other model.
The simulation of the two models predicts different motor outputs during the error-clamp phase (Fig 1) . In the one-fast-two-slow model (Fig 1A) , the single fast process (dashed purple line) is continually updating to both opposing force fields and therefore learns an output close to zero (mean of both force fields). The total output (thick red and blue lines) are therefore almost entirely driven by the two slow processes (dotted lines). In this case, de-adaptation, where the total output is driven towards zero, requires the active unlearning of the two slow processes, erasing the motor memories of the previously learned tasks. Finally in the error-clamp phase the total output remains at zero as both the slow and fast processes have outputs close to zero. In contrast, the two-fast-two-slow model ( Fig 1B) has separate slow and fast processes for each contextual cue (and therefore force field). In this case, the total motor output for each cue (red or blue thick lines) exhibits a similar pattern to that seen for a single adaptation task [16] . In particular, adaptation to each force field occurs through the update of the respective slow and fast processes gated by the contextual cue. The total motor output in early adaptation is mostly due to the fast process (dashed line) whereas in late adaptation the slow process (dotted lines) contributes most. De-adaptation occurs primarily through updates of the fast process, such that the total motor output returns to zero. However at this stage the slow process still retains most of the learned motor memory. Finally in the error-clamp phase both the slow and fast processes gradually decay to zero but at different rates. In contrast to the previous model, the slow process still retains much of the learned memory, resulting in a rebound of the total output towards the first learned task -a process called spontaneous recovery. Therefore these two models make very specific testable predictions. If the one-fast two-slow model is correct, we will see no spontaneous recovery in a dual-task paradigm.
Conversely, if the two-fast-two-slow model is correct, we will find evidence of spontaneous recovery. In order to test the predictions of our two models, two experiments were conducted in which a total of twenty participants performed a dual-adaptation task.
Figure 1.
Simulation of the the dual-rate model in dual-adaptation to compare a structure with one fast process [21] ( A ) against a structure with two fast processes ( B ). The model output of the contextual cue 1 (left workspace shift) and 2 (right workspace shift) are presented with red and blue lines, respectively. A. The dual-rate model of motor adaptation with one fast process and two slow processes. The total output for each contextual cue (red and blue thick lines) is composed of the summation of each slow process (red and blue dashed lines) and the single fast process (magenta dotted line). Note the absence of any spontaneous recovery. B. The dual-rate model of motor adaptation with two fast and two slow processes. The total output for each contextual cue (red and blue thick lines) is composed of the summation of each fast (red and blue dotted lines) and slow (red and blue dashed lines) process. Note that spontaneous recovery is revealed for both contextual cues in the error-clamp phase.
Experiment 1
Experimental Results. Ten participants grasped a robotic handle (Fig 2A) and performed forward reaching movements in the same physical location while two contextual cues were provided (visual feedback of the movement in the left or right half of the workspace, Fig 2B) .
We investigated differences in the kinematic error throughout the experiment using a repeated measures ANOVA with main effects of stage (4 levels: early exposure, late exposure, early de-adaptation and late de-adaptation) and cue (2 levels). We found a significant main effect of stage (F 3,27 =47.281; p<0.001) but no significant effect of cue (F 1,9 =4.839; p=0.055. A similar repeated measures ANOVA was performed on the force compensation resulting in a significant main effect of stage (F 3,27 =299.636; p<0.001) but no significant effect of cue (F 1,9 =0.013; p=0.912). Further differences between specific stages in the experiment were then examined using post-hoc comparisons below. Visual feedback of movements, displayed by the monitor, were viewed through a mirror so that they appear in the plane of movement. B. Workspace layout of the experiment.
Participants always physically performed forward reaching movements in the center of the workspace (black). During these physical movements, the visual feedback (targets and cursor) was presented at one of two visual workspaces (red and blue) which acted as a contextual cue: -10cm offset (left workspace) set as cue 1 and +10cm offset (right workspace) set as cue 2.
Red and blue colors are only used for illustration. On any one trial, only one of the visual workspaces was presented. In each phase of the experiment, different force fields were generated. In the pre-exposure phase, no external force was applied on the handle by the robot (null field trials). In the adaptation phase, two force fields were applied (CW and CCW), where each force field was always associated with one of the contextual cues (e.g. CCW force field for the left visual workspace and CW force field for the right visual workspace. In the de-adaptation phase, the association of the force fields to the visual cues was reversed (e.g. CW force field for the left visual workspace and CCW force field for the right visual workspace. In the error-clamp phase, all movements were performed in mechanical channel for both contextual cues. C. Temporal structure of the experiment. The different force field parameters depend on the experimental phase in order to create an A-B-error-clamp paradigm. In the error-clamp phase (light grey), the kinematic error is held at zero to assess spontaneous recovery. Trial numbers are shown for experiment 1. D. The participant-dependent transition from the de-adaptation to the error-clamp phase differed between the two experiments. In experiment 1, the participant's predictive adaptation (force compensation) for the two cues had to cross one another. In experiment 2, the participant's predictive adaptation was required to change sign (cross zero-line) for both cues.
In the pre-exposure phase, the movements were close to a straight trajectory with kinematic error ( Fig 3A) and force compensation ( Fig 3B) remaining close to zero. There was no difference in the force compensation between the two cues over the last 5 blocks (paired t-test: t 9 =0.743; p=0.476) and the force profiles for the two contextual cues were not distinguishable ( Fig 3C) . Force profiles for all trials in the error-clamp phase.
In the adaptation phase, each contextual cue was associated with one of two curl force fields (clockwise and counterclockwise). As expected, initial trials in this adaptation phase exhibited large kinematic errors in the lateral directions, as the force field associated to each cue perturbed the movements in opposite directions ( Fig 3A, red and blue curves). Throughout the adaptation phase participants gradually reduced their kinematic error from initial to final adaptation, (post-hoc comparison: p<0.001) across both cues ( Fig 3A) . During this same phase, the force compensation ( Fig 3B) increased gradually until it plateaued near 80% of perfect force compensation to each force field. A post hoc comparison showed an increase in force compensation between pre-exposure and final adaptation phases (p<0.001). The force profiles at the end of adaptation (last 10 blocks) demonstrate a bell-shaped profile similar to their forward velocity throughout the movement ( Fig 3D) . This pattern indicates a predictive compensation for both of the velocity-dependent curl force-fields. This result, combined with the reduction in kinematic error, demonstrates that participants were able to adapt to the two opposing force fields simultaneously, supporting the finding that visual workspace location is a strong contextual cue for dual-adaptation [18] . In the following de-adaptation phase, the association between the force fields and contextual cues were flipped in order to reduce the total output of predictive compensation to zero. The initial trials in this phase show a large kinematic error in the opposite direction to that in the initial exposure trials ( Fig 3A) . Over the following blocks in the de-adaptation phase the kinematic error was reduced until it was similar in size (but opposite in direction) to the initial adaptation trials (post hoc comparison, p=0.249). The force compensation ( Fig 3B) rapidly decreases in this phase until there are no significant differences between the force compensation for the two contextual cues (paired t-test: t 9 =0.409; p=0.692). This is further supported by the force profiles at the end of the de-adaptation phase ( Fig 3E) , which shows similar forces for each of the two contextual cues. Therefore at the end of the de-adaptation phase there were no differences in the total predictive force output for the two contextual cues.
Finally, in the error-clamp phase, channel trials clamp the lateral error to zero in order to assess the presence of any spontaneous recovery --rebound of the predictive force towards the initial adaptation. Force compensation shows a quick rebound towards the initial adaptation ( Fig 3B) (post hoc comparison versus last 3 blocks in de-adaptation phase: p=0.016) followed by a negligible decay of the motor output throughout the twenty blocks.
This evidence for spontaneous recovery is supported by the significant difference between the force compensation for the two contextual cues (paired t-test: t 9 =-6.538; p<0.001) across all twenty blocks. The force profiles during this error-clamp phase show predictive forces in the appropriate direction for compensation to the initial learned force field ( Fig 3F) . These force profiles peak near the time of peak velocity, but are reduced in size compared to those in the adaptation phase ( Fig 3D) . Together these results demonstrate that the participants maintain part of the memory of the initially learned task -arguing against the idea that dual-adaptation can be modelled by a one-fast two-slow-state model.
Model Fitting. Models from a family of learning-from-error equations were fitted individually to the participants' force compensation and compared using the mean of the Bayesian Information Criterion (BIC) across participants. While Lee and Schweighofer [21] found that a one-fast-two-slow model best fit their experimental data, any evidence for spontaneous recovery argues against this model ( Fig 2) . Our experimental results therefore suggest that the two-fast-two-slow state model better explains dual-adaptation. If we compare the BIC between these two models ( Fig 4A) , the two-fast-two-slow model exhibits a BIC improvement of 1243, strongly suggesting the existence of two fast processes. However, other models of dual-adaptation might also be consistent with our results. Therefore, to further investigate motor memory formation, we expanded our range of models to include both additional states (ultraslow and hyperslow) and a weighted gating of the contextual cues, producing a total of twelve models. In this experiment ( Fig 4A) , two models, the two-fast-triple-rate model with a weighted and binary switch-perform better than the other models (BIC improvement > 6). However, no significant difference is found between the two best models, (BIC difference = 2). Interestingly, all two-fast models (weighted or binary) performed better (higher BIC improvement) than the one-fast models within each set of models with the same number of rates (e.g. within the quadruple-rate models). This was true both of the group mean, and for individual participants ( Fig 4B) with the exception of participant 9 supporting the existence of two fast processes. The individual fits ( Fig 4B) show that there is a variation in the best-fit models for each participant, with some better fit by the dual rate models and others by the triple rate models. Overall, the triple rate models consistently perform close to the best model leading to the better fit for the mean. 
Experiment 2
Experimental results. Ten participants performed experiment 2. The major difference compared with experiment 1 was the criterion for ending the de-adaptation phase and proceeding to the error-clamp phase ( Fig 1D) . Participants performed 240±26 trials in the de-adaptation phase compared to 211±30 trials in experiment 1. Overall the pattern of the results was similar to the first experiment. There were significant main effects of stage (F 3,27 =42.292; p<0.001) but not cue (F 1,9 =0.074; p=0.792) for the kinematic error across the whole experiment. Similarly force compensation showed a main effect of stage (F 3,27 =341.808; p<0.001) but not cue (F 1,9 =0.007; p=0.935). Initial movements in the pre-exposure phase exhibited little kinematic error ( Fig 5A) and no difference between the two cues in force compensation (paired t-test: t 9 =0.429; p=0.678) over the 5 last blocks ( Fig   5B) or force profiles ( Fig 5C) . During this same phase, the force compensation ( Fig 5B) increased gradually, plateauing around 80%. A post hoc comparison showed an increase in force compensation between pre-exposure and final adaptation phases (post hoc comparisons: p<0.001). The force profiles at the end of adaptation exhibit a bell-shaped profile ( Fig 5D) indicating predictive compensation for both of the velocity-dependent curl force-fields.
In the de-adaptation phase, the initial trials showed a large kinematic error in the opposite direction to that in the initial exposure trials ( Fig 5A) . This error reduced until it was similar in size (but opposite direction) to the initial adaptation trials (post hoc comparisons: p=1.000).
Here, de-adaptation required participants to deadapt independently to both cues resulting in a further de-adaptation compared to experiment 1. In fact, we observed force profiles which are already adapting to the opposing force field ( Fig 5E) , and found a significant difference in the force compensation between the two cues (paired t-test: t 9 =4.479; p=0.002).
In the error-clamp phase, the force compensation exhibited a quick rebound towards the initial adaptation ( Fig 5B) (post hoc comparison versus last 3 blocks in de-adaptation phase: p<0.001) which was maintained over the rest of the phase. This evidence for spontaneous recovery is again supported by the significant difference between the force compensation for the two contextual cues (paired t-test for all blocks : t 9 =-4.400; p=0.002). The force profiles show predictive forces in the appropriate direction for compensation to the initial learned force field ( Fig 5F) . Again, the results of experiment 2 argue against the one-fast-two-slow-state model by demonstrating spontaneous recovery.
Model fitting. The twelve multi-rate models were individually fit to the data of experiment 2 and compared using the mean of the BIC improvement across participants ( Fig 6A) . Again, the dual-rate model with two-fast processes performs better than the dual-rate model with a single fast process (BIC improvement = 1551). Here, the two-fast-triple-rate model with binary switching provided a better fit than all the other models (BIC improvement > 10) with the exception of the two-fast-triple-rate model with weighted switching (BIC improvement > 6). Again, the individual fits ( Fig 6B) support the existence of two fast processes, by showing a better fit for every two-fast-models with the exception of one of the dual rate models for participant 2. 
Combined Experimental Results
Individual experimental results. The results from both experiments provide similar support for the existence of spontaneous recovery and the presence of multiple fast processes. Moreover, the distribution of force compensation across the phases of the experiment for individual participants shows a consistency between participants and across the two experiments (Fig 7) . Therefore, the mean data accurately reflects the behaviour of the individual data. All participants adapted to the first field-cue association (ranging between 60 to 100%). With the exception of one participant in the first experiment (participant 9), all participants were able to de-adapt or even to learn the opposite field in the de-adaptation phase. Finally, in the error-clamp phase, 17 out of the 19 participants that de-adapt to the force field exhibit spontaneous recovery to the first learning. (Fig 8) . Here the best-fit models include both the weighted and binary version of the two-fast-triple-rate model (BIC improvement > 10 compared to all other models).
Together the results demonstrate strong support for two fast processes and the existence of a third timescale -an "ultraslow" rate -that has a slower learning rate than the "slow" process.
In addition, the parameters of these two best-fit models (Table 1) are similar suggesting that the difference between these two models is small. The weighted contextual switch (parameter c) has a value of 0.92 compared to the value of 1.0 for the binary-switch model. As these parameters are fairly similar under the conditions of our experiment, the BIC penalizes this model for its additional parameter. With the contextual cues studied in this experiment (e.g.
visual location), we are unable to distinguish between binary or weighted switching. Here we specifically chose a type of cue that is known to have a good contextual effect in dissociating opposite force fields [18] the convergence of the switch parameter toward a binary switch is reasonable. Decay. Our experimental design allowed us to independently examine the retention rates ( A ) by exploring the decay of the learned motor memory throughout specific decay blocks in the adaptation phase and in the error clamp phase at the end of each experiment (Fig 9) . These are then compared to the decay that would be expected by a learning process with different retention rates ranging between 0.5 and 1.0. In the error-clamp phase, the first few trials demonstrate the rebound in adaptation, but the further trials show a consistent force output throughout the rest of the error-clamp phase (Fig 9, orange lines) . Comparison against the predictions of different retention rates suggest the presence of a process with a retention rate of at least 0.993, but with possibilities of higher values, especially for the results of experiment 1 (supports > 0.997). While these values could still represent the slow process as several studies have found values within this range [16, 21, [25] [26] [27] , this also provides some support for the existence of an ultra-slow process in order to reflect actual motor learning. In addition, across the decay block channel trials, we find evidence of decay in both experiments (Fig 9, blue lines) , supporting the existence of a retention factor between 0.9 and 0.95. These results differ from the best-fit model parameters but, combined with the error-clamp decay, imply the existence of both a "slow" process that is expressed in the lower retention rate in the decay block, and an "ultraslow" rate that is expressed with the higher retention rate during the error clamp phase resulting in the long retention of the learned model. In these circumstances, the decay in the decay block is primarily governed by the slow process whereas the error-clamp decay is governed by the ultraslow process, as the slow process would be expected to have been de-adapted during the de-adaptation and early parts of the error-clamp phase. phase represents the mean of three trials. The scale for both y-axes was adjusted such that they can be compared to the simulated decay curves (black dotted lines). Nine retention curves were simulated with specific retention rates (0.5, 0.8, 0.9, 0.95, 0.98, 0.993, 0.997, 0.999 and 1), for comparison of retention rates and experimental data. Across all four experimental results, it is clear that a model must have a retention rate of greater than 0.993 for at least one of the processes in order to replicate these effects.
Discussion
Here we investigated the structure of motor memory formation during force field adaptation.
Specifically we tested the existence of one or multiple fast processes during adaptation by applying the A-B-Error-clamp paradigm [16] within dual-adaptation [18] . Participants initially adapted to two opposing force fields each associated with distinct contextual cues.
After adaptation, the association between the contextual cues and the force fields were reversed, driving de-adaptation of the predictive force towards zero. Finally the kinematic error was clamped at zero to assess the presence or absence of spontaneous recovery. In two experiments we found evidence for spontaneous recovery, supporting the two-fast-dual-rate model over the single-fast-dual-rate model. However, by comparing the fits of twelve models over a range of timescales, we found that a two-fast-triple-rate model best explained the experimental results. These results argue against previous models suggesting only a single fast process [21] and support the existence of longer timescales in motor adaptation. The combination of both fast and slow processes have been suggested to be necessary to account for spontaneous recovery [16, 17, 21, 28, 29] . Our results, exhibiting spontaneous recovery of the initially learned force field for each contextual cue, support the existence of both two slow and two fast processes in motor adaptation. However, while simulations of the dual-rate model show that multiple fast processes are required to exhibit spontaneous recovery, the only requirement is multiple timescales for each contextual cue. That is, spontaneous recovery could also occur through the combination of the slow process with an even slower one (e.g. ultraslow process). In any case, during the error-clamp phase the remaining slower memory is revealed as the faster process decays to zero. Therefore, in order to examine whether or not there are multiple fast processes, we fit the data with a variety of models using BIC for model comparison. Across both experiments, the two best-fit models were a triple-rate with two fast processes, providing further evidence that there are independent fast processes for each motor memory and arguing against previous findings [21] .
The results of our experiments argue against a single generic fast process. However it is important to point out the differences in these studies. While Lee and Schweighofer [21] used adaptation to opposing visuo-motor rotations, we examined dual adaptation to opposing curl force fields. Thus the modality of adaptation is different, and could potentially explain the results. However we argue that a much larger difference is the experimental design in these two experiments. In order to learn the two opposing visuomotor rotations, Lee and Schweighofer [21] had the participants move to two different targets (different movement directions). It is possible that in this case, the participants do not even learn two separate motor memories but learn a single adaptation that generalises between these two movement directions. In force field adaptation, adaptation to different force field directions for different movement directions has been shown many times in the concept of single adaptation [30] [31] [32] [33] .
If such adaptation processes also apply to visuomotor rotation, then this would not be the ideal design for determining the presence of multiple fast processes as this design does not correspond to dual adaptation.
The two best-fit models (triple-rate with two fast processes) differ only in the contextual cue switch that gates the two motor memories. While the model with binary switching was slightly preferred over the model with weighted cue switching, we suggest that this depends on the specific contextual cue used. That is, separation of the movements in visual space, as examined in our study, is an extremely strong contextual cue for the learning of multiple dynamics [18, 23] suggesting a weighting close to one as seen in our results (c=0.92). Other cues, such as background color, object orientation [18] , or static visual cues [34] which do not allow the formation of separate motor memories, might have weights closer to 0.5. The fact that interference occurs in dual-adaptation tasks indicates that the contextual cue must be weighted rather than binary. Indeed, several force field generalization stud ies [35] [36] [37] have shown that contextual cues do not serve as discrete switches but instead weight the contributions of associated motor memories . This matches the concept of multiple paired models for sensorimotor control [38] . In these models, each internal model or motor memory is selected by a responsibility predictor that determines its contribution to the overall motor output based on contextual information [2, 39] . We suggest that our results argue for a similar framework where the selection of each motor memory is based on a weighted input where the weight depends on the likelihood that this contextual cue predicts the next task. Many previous studies have supported the dual-rate model to explain adaptation [16, 17, 21, 28, 29] . However, these studies have primarily focussed only on short-term adaptation, examining at most several hundred movements. Consequently, in such short experiments an architecture consisting of two timescales may be sufficient to explain adaptation to a new task. Nevertheless, in daily life, we are often exposed to tasks or changes in environment over days or years. Indeed it commonly requires many months or years of practice to master a motor skill (e.g. using chopsticks or skiing). Once these skills are learned, people are able to recall them perfectly. In these cases, it is clear that a model of adaptation with only two timescales is insufficient to explain the formation of motor memories. Recent computational and behavioral studies have suggested the existence of longer timescales [27, 40, 41] such as an ultraslow process in motor adaptation, which are further supported by our results.
Both our study and that of [27] support the existence of longer timescales in adaptation and have shown little decay during the error-clamp phase after more extensive training phases.
Our results, found with a design where participants initially adapted to a force field for over 750 trials, suggests a triple-rate model of adaptation. However, we expect that for studies with longer training periods, the number of active timescales would increase. That is, we propose that there is a continuum of timescales in human motor learning, where the active number of timescales used for any given task depends on the overall time over which such a task is practiced (minutes, hours, days, or years) and the relative relevance of such learning for the future [42] [43] [44] [45] . These longer timescales, with slow learning rates and almost no decay, act to protect the motor memories and could explain why we never forget some tasks, such as riding a bicycle.
One major question is where such learning timescales might be implemented within the sensorimotor system. While many studies have suggested that the cerebellum is necessary for initial adaptation [46, 47] , recent papers have suggested the primary motor cortex (M1) for the storage of these motor memories [46, 48] . That is, there could be a shift from the cerebellum to M1, or that the fast process occurs within the cerebellum while the slow process occurs within M1. Further support has come from the finding that cerebellar patients adapt better to slow rather than abrupt changes in dynamics, suggesting the involvement of the cerebellum in the fast adaptation processes [9, 49] . However, support for longer timescales in motor adaptation has also been brought from neuroimaging studies. Specifically, different brain networks have been shown to be activated in at least three different timescales in dual-adaptation [50] with distinct regions of the cerebellum involved in both the fast and slow timescales. Thus, perhaps learning on multiple timescales takes place across multiple regions rather than shifting from one region to another.
The cerebellum has been implicated in storing multiple internal models [50] [51] [52] . Indeed, fMRI decoding has shown separate representations for different visuomotor mappings, with distinct substrates for each rotation in both the supplementary motor area and cerebellum [53] .
However, none of these studies have been able to establish the existence of distinct representations for the fast timescale. Our results predict distinct representations due to the multiple fast processes, but the degree to which these might be spatially separable is unknown. Recent work has shown that rapid force field adaptation does not require changes in connectivity [54] or neural tuning [55] , but instead may result from changes output-null subspace between the premotor (PMd) and M1 areas in order to produce rapid adaptation to the changed dynamics [54] . In this case, distinct spatial representations of multiple fast processes may not be possible to detect with current neuroimaging techniques.
Overall, here we expand the concept of the dual-rate model [16] into the framework of multiple paired models for sensorimotor control (MOSAIC model; [38] . Originally, the architecture of the MOSAIC model allows the learning of multiple paired inverse and forward models, by selecting the appropriate module (or modules) for the current environment. Built from Bayesian theories, this model uses a responsibility predictor to switch between (or combine) relevant modules based on contextual information [2, 39] . We extend this framework by suggesting that these paired models are formed through adaptation on multiple timescales (e.g. fast, slow and ultraslow processes) ( Fig 10) . Whether or not the inverse and forward models are represented on different timescales [56] is not yet established. However, our results demonstrate both the existence of independent fast processes for each motor module and the presence of longer timescales in motor adaptation. 
Materials and Methods
Participants. Twenty-three force field naive participants with no known neurological disorders participated in two experiments. Three participants (one of experiment 1 and two of experiment 2) were removed for further analysis as they were not able to simultaneously adapt to the two force fields. In total 10 participants data was analyzed for both experiment 1 (n = 10, 7 female, 5 male, age 28±2.8 years) and experiment 2 (n = 10, 7 female, 5 male, age 28±2.8 years). Each participant only participated in one of the two experiments. All participants were right-handed based on the Edinburgh handedness questionnaire [57] , and provided written informed consent before participating. The Ethics Committee of the Medical Faculty of the Technical University of Munich approved the study.
Apparatus. Participants grasped the endpoint handle of a vBOT planar robotic manipulandum and virtual reality system [58] , with their forearms supported against gravity using an air sled.
The participants were seated in a custom adjustable chair in front of the apparatus, strapped with a four-point seat belt to reduce body movement. The vBOT system is a custom built robotic interface that can apply state-dependent forces on the handle while recording the position and velocity in the planar workspace (Fig 2A) . This horizontal plane was located approximately 15 cm below the shoulder. A six-axis force transducer (ATI Nano 25; ATI Industrial Automation) measured the end-point forces applied by the participant on the handle. Joint position sensors (58SA; Industrial encoders design) on the motor axes were used to calculate the position of the vBOT handle. Position and force data were sampled at 1kHz.
Visual feedback to the participants was provided horizontally from a computer monitor fixed Protocol. Participants initiated a trial by moving the cursor representing the hand position (red circle of 1.0 cm diameter) into the start position (grey circle of 1.5 cm diameter) located approximately 20 cm directly in front of the participant. This start position turned from grey to white once the cursor entered it. Once the hand was within the start position for a random time between 1 and 2s, a go-cue (short beep) was provided signaling participants to initiate a reaching movement to the target (yellow circle of 1.5 cm diameter). The target was located 20.0 cm directly in front of the start position. The movement was considered complete when the participants maintained the cursor within the target for 600ms. After each trial, the participant's hand was passively driven to the start position while the visual feedback regarding the success of the previous trial was provided. Successful trials were defined as trials that did not overshoot the target and with a peak speed between 52 and 68 cm/s. On these trials, the participants received positive feedback (e.g., "great" for peak speeds between 56 and 64 cm/s or "good" for peak speeds between 52 and 56 or 64 and 68 cm/s), and a counter displayed on the screen increased by one point. In contrast, messages of "too fast" or "too slow" were provided when the peak speed exceeded 68 cm/s or did not reach 52 cm/s, respectively. Finally, "overshoot" feedback was provided when the cursor overshot the target (y-axis) by more than 1 cm. Movements were self-paced, as participants were able to take a break before starting the next trial. Short breaks were enforced after approximately 130 trials throughout each session.
Participants were instructed to reach naturally to the target after the go-cue on each trial while the dynamics of the environment were generated by the vBOT. During each movement, the vBOT was either passive (null field), produced a clockwise (CW) or counterclockwise (CCW) velocity-dependent curl force field, or produced a mechanical channel (error-clamp). For the velocity-dependent curl field [59] , the force at the handle was given by:
where k was set to either ±10 N·m −1 ·s , with the sign of k determining the force field direction (CW or CCW). On a channel trial, the reaching movement was confined to a simulated mechanical channel with a stiffness of 6000 N·m −1 and damping of 2 N·m −1 ·s acting lateral to the line from the start to the target [6, 60] . As these trials clamp the lateral error at zero, they are also referred to as error-clamp trials [16] .
Experimental Paradigm. Participants were required to adapt to an A-B-Error-clamp paradigm [16] within dual-adaptation. The A-B-Error-clamp paradigm is a sequential presentation of an adaptation phase (adapting to field A), a de-adaptation phase (presentation of opposing field B), and an error-clamp phase (assessment of any spontaneous recovery). Here the A-B-Error-clamp paradigm was done within dual-adaptation, where participants simultaneously adapt to two opposing force fields. To allow adaptation to two opposing force fields (CW and CCW), two appropriate contextual cues were used. These cues were the workspace visual location [16, 18] either to the left (-10cm from the sagittal axis) or to the right (+10cm from the sagittal axis) of the screen. The physical hand location (proprioceptive location) was the same for both cues, without any shift from the sagittal axis ( Fig 2B) .
Experiments began with a pre-exposure phase where movements with both contextual cues occured in the null field. Within the adaptation phase one contextual cue (e.g. +10cm visual shift) was associated with one force field (e.g. CW), whereas the other contextual cue (e.g.
-10 cm visual shift) was associated with the other force field (e.g. CCW) (Fig 2B,C) . In the de-adaptation phase the opposing force fields were then applied to movements for each contextual cue (e.g. CCW for the +10 cm visual shift & CW for the -10cm visual shift) ( Fig   2B,C) . Finally, error-clamp trials were applied for both contextual cue movements. The experiments were counterbalanced such that in each experiment, half of the participants experienced the adaptation phase with contextual cues matched to one set of force field directions, whereas the other half of the participants had contextual cues matched to the opposing force field directions.
Experiments were built using blocks of trials where each block was composed of 16 trials: 8 with one contextual cue and 8 with the other contextual cue. For most of the experiment, for each contextual cue, seven of the movements were performed in either a null, CW or CCW force field (depending on the experimental phase) while one was performed in the error-clamp. Within a block trials were pseudo randomized. Experiment 1 (n=10): Ten participants started with 10 blocks in the pre-exposure phase (160 trials). This was followed by 47 blocks in the adaptation phase (752 trials). Within this adaptation phase, after the first 25 blocks, we modified the block structure in order to assess the memory decay for each contextual cue (blocks [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] [45] . Within these twenty blocks, 5 blocks assessed the decay for one contextual cue (+10 cm visual shift) whereas 5 blocks assessed the decay for the other cue (-10 cm visual shift). These decay blocks alternated between the two contextual cues with a normal block of trials interspersed between them. A decay block contained an exposure trial of a specific contextual cue followed by a row of 5 error-clamp trials with the same contextual cue. This row of trials was then always followed by an exposure trial of the opposite contextual cue. After these twenty memory decay blocks, two blocks were performed with the original block structure (blocks [46] [47] . Next, a de-adaptation phase was performed in which the opposite force field was now associated with each contextual cue. The length of the de-adaptation phase was dependent on each participant's performance and could vary between 4 and 25 blocks (64-400 trials). The exact point at which this phase was terminated depended on the difference between the mean of the force compensation measure (see analysis) of the last three error-clamp trials for each contextual cue. These force compensation values were calculated online during the experiment. Once this difference switched sign (became negative) the de-adaptation phase was ended at the end of the current block of trials ( Fig 2D) . Finally participants experienced the error-clamp phase for 20 blocks (320 trials) in which all trials were error-clamps. Within these final blocks, eight error-clamp trials were performed with one contextual cue (+10 cm visual shift) whereas the other eight trials were performed with the other contextual cue (-10 cm visual shift) in a pseudo-randomized order.
Experiment 2 (n=10):
The second experiment followed a similar design to the first one, but with specific differences outlined here. After the pre-exposure phase (10 blocks), the adaptation phase lasted for 60 blocks (960 trials). Within the adaptation phase, the memory decay blocks were again applied (blocks 41-50), but with no interspersing normal blocks.
Within these memory decays blocks, three error-clamp trials were performed in a row directly after the normal exposure trial for the specific contextual cue. The de-adaptation phase could vary between 4 and 20 blocks (64-320 trials) depending on each participant's performance. In this experiment, the phase was ended once the mean of the last three force compensation values on the clamp-trials for each cue crossed zero ( Fig 2D) . Finally the error-clamp phase lasted for 10 blocks (160 trials).
Analysis
Data were analyzed offline using MATLAB (2016b, The MathWorks, Natick, MA). Individual trials were aligned on peak velocity, and clipped between -500 ms and +500 ms.
All measurements were low-pass filtered at 40 Hz using a 10 th order zero-phase-lag Butterworth filter (filtfilt). Over the course of the experiment, the lateral force measured can vary due to the natural drift of the mass of the arm over the airsled. In order to improve our sensitivity of the measurement of the lateral force, we subtracted the mean offset in lateral force for each participant measured before the onset of movement from the total force trace.
More precisely, the mean force was calculated over all trials for each participant between -250 and -150 ms prior to the movement start. In order to quantify adaptation throughout the experiments, three measures were calculated: kinematic error, force compensation and force profiles.
Kinematic Error. For each non-channel trial (null or curl field trials), the maximum perpendicular error was calculated and used as a measure of kinematic error. The maximum perpendicular error is the signed maximum perpendicular distance between the hand trajectory and the straight line joining the start and end targets. Force Compensation. On every channel trial (error-clamp trial), the force compensation was calculated to quantify the amount of predictive force adaptation to the force field. Force compensation is defined on each trial by the regression between the force produced by participants into the wall of the simulated channel (lateral measured force) and the force needed to compensate perfectly for the force field [16] . The perfect compensatory force can be determined as the forward velocity of each trial multiplied by the force field constant. As experiments were counterbalanced across participants, the values were flipped such that the force compensation associated with each cue has the same sign for every participant. All models used to fit the results of the data assume equal adaptation to both force fields. In order to allow the models to fit the data, we subtracted blockwise the mean force compensation of both contextual cues from the force compensation values for each contextual cue. Therefore the mean compensation across both contextual cues for the whole experiment is zero.
Force Profiles. In order to examine the shape and timing of the predictive forces on channel trials during the experiment, the force profile in the x-axis was normalized by the perfect compensation force profile. This perfect force profile was calculated as the y-axis velocity multiplied by the force field constant.
Throughout the experiments, data are primarily presented for each block. However, a different number of trials (blocks) were performed by each participant in the de-adaptation phase. For plotting purposes, this phase was divided into equal-sized sections, where the mean data was determined for each section rather than for each block in order to allow averaging across Decay. Our experimental design was set to explore memory decay both throughout the error-clamp phase and within the adaptation phase by having 10 decay blocks during this phase. In experiment 1, within a decay block, four additional channel trials were included directly after the usual channel trial for one of the cues, such that a row of 5 channel trials in a row were created (3 channel trials in experiment 2). A single channel trial for the other cue was introduced normally within these blocks. The specific cue for each of the channel blocks alternated, with a total of five blocks performed for each of the cues. 
Simulations
In order to investigate the computational mechanisms underlying the evolution of dual-adaptation and the formation of motor memories we modeled motor adaptation to two opposing force fields each associated to a contextual cue. For our simulations we examine two models out of a family of learning-from-error equations based on the dual-rate model [16] : In order to model dual-adaptation, we simulate both the "one-fast-two-slow-binary-switch" model [21] , which we use as our baseline model for comparison: and a "two-fast-two-slow-binary-switch" model: on a A-B-Error-clamp paradigm similar to our experiment. For our simulations, the parameters were taken from [16] , with A f =0.92 and B f =0.05 for the fast process and A s =0.999 and B s =0.01 for the slow process.
Model Fitting
The experimental data was fit by twelve models from a family of learning-from-error equations (Equation 1) for each participant individually for each participant individually. To assess the models, the mean of the individual fits were compared. In a previous study [21] assumed the contextual switch (c) between the cues was binary. However, other models of sensorimotor learning such as the MOSAIC model [2, 61] , have suggested a responsibility estimator that would provide a weighted mixture between modules. In order to examine both of these possibilities, we set the contextual switch as binary for half of the models and as a parameter (c) for the other half of the models.
Specifically, we fit twelve models with parallel organization between the fast and slow processes. These consisted of a dual-rate, a triple-rate and a quadruple-rate model where each could be built with either one fast process or multiple fast processes and where the contextual cue switch was either binary or weighted. The general equation of these models can be written: for models containing a single fast process or for models containing multiple fast processes. Therefore, the fast process contains either a single state and is written as or multiple states and is written as The slow, "ultraslow" and "hyperslow" processes [27] contain multiple states and are written: with for the dual-rate models, for the dual-rate and triple-rate models.
Here the hyperslow process has a lower learning rate and higher retention rate than the ultraslow process. The one-fast-two-slow-binary-switch model [21] was used as our referent model (eq. 3). E a ch model was fit to the force compensation data throughout an entire experiment. In order to fit the models, the mean force compensation values over the two cues was subtracted to remove any potential bias between the cues. For each model, we found the parameter values that best fit the experimental data, using a least-squares method (fminsearchbnd), where the parameters were constrained:
The values for these constraints were determined by examining the results of previous studies ( Table 2 ). The learning rate parameters for the slow, ultraslow and hyperslow processes were unconstrained with the exception of the relative order of these rates. The retention values for these three processes were only constrained to be larger than 0.95, a value far below all the results of previous studies (all above 0.99, Table 2 ). However both parameters for the fast process were constrained. As the purpose of this experiment was to determine whether there exists a single or multiple fast processes, we required that the parameters of this fast process are within the range of previous studies ( Table 2 ). If this was not constrained, then the optimization routine could potentially fit the slow process parameters to the fast process, rather than find a single fast process for specific models. This allows a fair comparison of the fits across all models. After consideration of the results of previous studies ( Table 2) we used parameter constraints for the fast process from Inoue and colleagues (2010). The parameters were simultaneously fit to each participant's data within each of the two experiments initially.
In order to examine model fits across both experiments, the parameters were then fit across the data for both experiments (all twenty participant's data from both experiments simultaneously). and those from re-fitting their model to Inoue (2010) are also shown (bottom row). The best-fit parameters are shown in bold and, where present, their 95% confidence intervals are indicated within the brackets.
In order to compare across the models, Bayesian information criterion (BIC) was calculated and used to select the preferred model (lowest BIC). If the difference between two BIC values is between 0 to 2 there is considered to be no difference between the models, between 2 to 6 the difference is considered to be positive (small but existing), between 6 to 10 the difference is considered to be strong, and a difference exceeding 10 is described as very strong [62] .
Specifically we calculated the improvement in BIC value, defined as the difference between 
